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(A Method of Learning Noisy Data using Semi—supervised Learning)
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Abstract : One of the major problems of modern neural networks is that models are vulnerable
to data noise. In order to resolve this concern, research on removing noisy data has been
actively conducted. However, there is a limitation that information in the removed noisy cannot
be utilized for learning. In this paper, we propose an effective learning method based on
FixMatch, one of the widely-used semi-supervised learning methods, and devise additional
techniques that are effective for noisy labels such as model ensemble and parameter scheduling.
Our experiments show that the proposed method achieves the best accuracy under every noise
rate condition verifying that the proposed model is robust to data noise.
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Algorithm 1: Learning Noisy Data using Semi-supervised Learning

1 Input: noisy dataset D, remove rate p, initial loss weight A,
augmentation strategies (weak, strong)

2 Step 1: Select clean data from dataset D

3 for epoch + 0 to total_epoch do

4 compute loss on every sample of D
5

6

record loss per sample
le=l-1+1k

7 remove the label of top p% of samples with high loss

8 get new labeled (X, Y) and unlabeled dataset (X,)

9 Step 2: Train model with ensemble FixMatch

10 for epoch <+ 0 to maz_epoch do
for j < 0 to batches do
compute loss on X; : labeled
logit, = model(weak(X,))
logity = EM A(weak(X,))
ensembled logit l. = (logit, + logits)/2
compute loss on (strong(X,),le) :
A« Step(\s, epoch)
U= labeted + A * luntabeted
update weights

liabeted

o9y 2. Aletk

Fig. 2. Description of the proposed Algorithm
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Table 1. Types of Augmentations Used
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Table 2. Comparison of accuracy between the
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proposed method and previous papers
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20% 40% 60%
Co-Teaching 87.26 82.85 74.04
02U-net 92.6 90.3 43.4
Mixup 94 91.5 86.8
MentorMix 95.6 94.2 91.3
Ours 96.2 94.89 92.32

¥ 3. Noise rate 60%°l4 Z+ Al¢t Wy A% vjuw

Table 3. Performance comparison of the proposed
method at a noise rate of 60%
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